, "Iterative-cuts: longitudinal and scale-invariant segmentation via user-defined templates for rectosigmoid colon in gynecological brachytherapy," J. Med. Imag. Abstract. Among all types of cancer, gynecological malignancies belong to the fourth most frequent type of cancer among women. In addition to chemotherapy and external beam radiation, brachytherapy is the standard procedure for the treatment of these malignancies. In the progress of treatment planning, localization of the tumor as the target volume and adjacent organs of risks by segmentation is crucial to accomplish an optimal radiation distribution to the tumor while simultaneously preserving healthy tissue. Segmentation is performed manually and represents a time-consuming task in clinical daily routine. This study focuses on the segmentation of the rectum/sigmoid colon as an organ-at-risk in gynecological brachytherapy. The proposed segmentation method uses an interactive, graph-based segmentation scheme with a user-defined template. The scheme creates a directed two-dimensional graph, followed by the minimal cost closed set computation on the graph, resulting in an outlining of the rectum. The graph's outline is dynamically adapted to the last calculated cut. Evaluation was performed by comparing manual segmentations of the rectum/sigmoid colon to results achieved with the proposed method. The comparison of the algorithmic to manual result yielded a dice similarity coefficient value of 83.85 AE 4.08, in comparison to 83.97 AE 8.08% for the comparison of two manual segmentations by the same physician. Utilizing the proposed methodology resulted in a median time of 128 s∕dataset, compared to 300 s needed for pure manual segmentation.
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Introduction
Gynecological malignancies, which include endometrial, vaginal/vulvar, and cervical cancers, represent the fourth most frequent type of cancer among women and a major cause of death around the world. 1 The standard procedure for primary or recurrent treatments of these types of cancer consists of external beam radiation followed by brachytherapy. During the brachytherapy procedure, needle-like catheters carrying a radiation source are inserted into the patient in close proximity to the tumor to directly irradiate the malignant tissue. 2 A crucial step in planning the applied amount and distribution of radiation is the segmentation of the tumor and adjacent organs-at-risk (OAR) potentially exposed to radiation. The most common OAR segmented in gynecological brachytherapy includes the urinary bladder and the rectum/sigmoid colon 3 ( Fig. 1) . In general cases, the performing physician might have to outline several structures in more than 80 slices. 4 Regarding the specific given problem of treatment planning in image-guided brachytherapy (IGBT) at Brigham and Women's Hospital (BWH) in Boston, manual segmentation of the rectum/sigmoid colon by outlining the object contour has to be conducted in more than a dozen slices and is a tedious task.
Over the last decades, various fully automatic segmentation methods have been proposed to support this time-consuming segmentation process. However, the development of fully automatic segmentation tools remains problematic due to variability in pelvic organ shape and poor soft tissue depiction. None of these automatic analysis tools can guarantee robust results or achieved clinical approval. Moreover, they mostly lack necessary intervention methodologies and provide little final control by the medical doctor over the segmentation. [5] [6] [7] As none of the current fully automatic approaches provides sufficient results, manual refinement of the computed segmentation is desirable and the motivation for the development of interactive segmentation approaches. 8, 9 In summary, they can speed up the segmentation process yet give the physician enough control over the algorithm to directly influence and improve the segmentation result. 5 A major research effort was being put into brain tumor segmentation (e.g., Refs. 10-12), but only some research effort has been focused on segmentation algorithms for pelvic structures regarding the urinary bladder, rectum/sigmoid colon, or malignant tumor volumes. Most of these approaches were either fully automatic or applied to computer tomography (CT) images (e.g., Refs. 7, 13, and 14). While both CT and magnetic resonance imaging (MRI) are used for image-guided radiotherapy of gynecological malignancies, CT represents the standard imaging technology for treatment with external beam radiation therapy, MRI the technology widely used for IGBT.
Conditioned by the lack of methodologies for MR-guided IGBT applications, the standard of time-consuming manual segmentations and problems of fully automatic tools, there is a strong desire for the development of interactive segmentation algorithms to assist physicians in the course of interstitial gynecological radiotherapy treatment planning.
This study focuses on the segmentation of the rectum/ sigmoid colon as an OAR in the context of MR images for image-guided gynecological brachytherapy. The rectum/ sigmoid colon has-due to its mostly inhomogeneous appearance-proven to be challenging for current segmentation tools. 15, 16 We address this problem by presenting an interactive and scale-invariant segmentation algorithm for the longitudinal segmentation of the rectum/sigmoid colon based on graph theory. In addition, the approach uses a user-defined template for the graph construction to handle the variations in anatomy, which is to the best of our knowledge a novelty in literature.
The rest of the contribution is organized as follows. Section 2 presents the details of the proposed algorithm. Section 3 discusses the results of our experiments. Section 4 concludes this paper and outlines areas for future research.
Methods
The methodology is based on a graph network and has been developed during a German diploma thesis; 17 preliminary results have been presented in a congress abstract 18 and the idea has initially been introduced in Refs. 19 and 20. The approach is a consistent further development of previous publications, in which different templates have been used to create a graph. [21] [22] [23] However, in these publications fixed predefined shapes have been used for the segmentation process, e.g., a square template for 2-D vertebra segmentation in sagittal slices. Thus, these approaches were not able to handle segmentations of structures that vary a lot in the anatomy from patient to patient. In summary, we solve this problem by letting the user define an individual template in the first slice by simply outlining the structure in this slice. Afterward, this initial information is used to automatically construct a specific graph to segment consecutive slices. Figure 2 shows an abstract schematic procedure of the algorithm. For a given object to segment (a), the user traces the object outline purely manually in the first slice (b and c). The drawn contour (red) will be scaled by a specific factor and serve as template for a next slice, where the segmentation is performed semiautomatically (d, blue). After the contour has been drawn and scaled, the user skips to a next slice until a deviation from the drawn contour occurs [see Fig. 2(e) ]. The user sets a seed point (blue spot), which determines the template position (f). With the information of the seed point and template, a segmentation result (yellow) is calculated based on an underlying graph network (g). The calculated segmentation contour [see Fig. 2(g) ] will serve as a template (blue) for the segmentation in a next slice (h). The basic idea of this methodology is to dynamically adapt the template, which frames the area where the segmentation is performed. The dynamic process of the template starts with the user-drawn contour in the first slice and alters its shape depending on the segmentation result in successive image slices. This means also that the effect of accuracy of the initial drawn contour on the overall final segmentation is not very high. The reason is that the graph template is always taken from the previous segmentation result, which allows handling of wide variances in shape along the rectosigmoid colon. Therefore, the template changes/adapts quite fast for the rectosigmoid colon segmentations when navigating along the consecutive slices. Finally, this methodology enables the algorithm to adapt for altering object shapes in the region-ofinterest (ROI), but also to spare disturbing objects from the ROI.
System Overview
The developed segmentation algorithm consists of two main components as shown in Fig. 3 . The main component is a C ++ project InteractiveCut developed in Microsoft Visual Studio, which realizes the graph cut approach as well as parts of the interactive methodology. Embedded in the C++ project is the publicly available max flow/min cut library developed by Boykov and Kolmogorov. 24, 25 It provides several classes and methods to setup a graph network and calculate a minimal cut of the given network. The InteractiveCut source code is embedded into a MeVisLab ® network environment. 26, 27 MeVisLab provides a modular framework for the development of medical image processing and visualization tasks. New C++ algorithms such as the InteractiveCut code can be integrated into MeVisLab through a dynamic link library file. The MeVisLab network loads the image file as a nearly raw raster data (Nrrd) file. The segmentation results in the form of the object contour slices and voxelized three-dimensional (3-D) objects are exported as Nrrd files as well. For evaluation purposes of the segmentation algorithm, additional manual segmentation data can be imported as Nrrd files and compared to the algorithmic segmentation. Results are a dice similarity coefficient (DSC) as well as Hausdorff distance (HD) (see Sec. 3).
User Workflow
The overall user workflow of the presented segmentation algorithm consists of several steps and is fully shown in Fig. 4 . First, the user traces the complete contour of the target object in clockwise or counterclockwise direction. Figure 5 shows this step in an exemplary slice i ¼ 0, where 0 < x < y < z < v < n with n being the number of all object slices. Thereafter, the user skips to a next slice 0 þ x or 0 þ y [see Figs. 5(d) and 5(e)] where either the end of the segmentation process can be determined if no further segmentation is necessary or the segmentation process can be continued. If the end is not reached yet, the user continues and has to evaluate if the drawn contour deviates from the object outline in the current slice. Therefore, the This option of improvement rarely occurs and might merely be necessary where the object shape vastly changes from one slice to another, especially at locations where the organ bends from the image z-axis directing through the image slices. After a satisfactory segmentation result was found and the user skips to a next slice, the last calculated object contour serves as reference to determine a deviation to the current slice. After all slices where the object appears have been segmented, the user completes the segmentation process by automatic interpolation of the skipped slices and voxelization of the final object.
The following sections describe the key components of the presented algorithm in more detail, which include:
• the graph construction, which consists of setting up the graph template, scaling of template, node distribution, and sampling of gray values;
• the interactive seed point dragging during the segmentation process; Second row: (d, blue) automatic scaling of the user contour serving as template, (e, blue) representation of the scaled contour, which serves as a template for the segmentation, and (f, blue spot) template position determined by the user-defined seed point. Third row: (g, yellow) calculated segmentation result, (h, blue) which is scaled and serves as a template for the next segmentation.
• setting up the graph weights (Z-weights, T-weights, and XY-weights); and
• the object processing after a segmentation has been performed.
Graph Template
In order to define the graph's shape, diameter, and area to spread within, a graph template T ∈ R 3 is introduced, E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 3 ; 6 3 ; 3 2 1
The markers M t ¼ ðm x ; m y ; m z Þ of template T are vectors in R 3 , where ∀ m z :¼ ϕ, resulting in a two-dimensional (2-D) template. The markers M t of template T are denoted by M t ðTÞ. Various predefined shapes can be implemented to serve as a template, e.g., a square shape, triangle shape, or heart-likeshape [see Figs. 6(b), 6(c), and 6(d)]. Although predefined shapes might result in sufficient results in some image slices, they are not capable of robustly handling the altering 2-D shapes of the rectum/sigmoid colon in succeeding image slices. Moreover, in case the ROI is fully covered with a square template, other objects might be included as well in the square area, which can negatively influence the segmentation result. In Fig. 6 (b), it can be seen that the cut (yellow line) incorporates parts of the characteristic dark obturator. The proximity of the dark obturator to the rectum/sigmoid colon frequently compromises the segmentation result, as the transition to the dark obturator causes over proportional high graph weights and results in a cut at this location. An approach to spare such objects from the ROI provides a user-defined template such as Fig. 6(d) . It can be predefined or set up by multiple user clicks and circumventing disturbing objects such as the obturator. However, the user effort to setup the template compared to the information gained about the ROI is relatively high. A more advantageous approach provides a user-drawn template, where the user outlines the object contour. With this approach, not only the exact shape of the object in the respective slice is known and can be employed further, but also exact information about the object's contour gray values and gray value distribution inside the object can be extracted. Such an approach can be seen in Fig. 6 (e), where the red outline is a user-drawn contour used as a template for the graph in (e). Furthermore, complex templates such as a user-drawn template or a template taken from the last cut inherent higher robustness in cuts resulting from them, than other graph template shapes such as squares or triangles. With the same number of nodes V spread from the seed point to the template border and Δ ¼ 0 cuts from complex templates yield the exact same shape as the previous shape.
Graph Cuts
In terms of graph theory, an s-t-cut or cut separates the vertices VðGÞ of a graph G into two disjoint subsets. The subsets consist of a set S related to the source s and a set T related to the sink t. The cut is denoted by C ¼ ðS; TÞ∶s ∈ St ∈ T ∧ S ∩ T ¼ ∅ ∧ S ∩ T ¼ VðGÞ. The cut-set C ST of a cut describes edges whose vertices are part of the set S and the set T and is described by the cut C ¼ ðS; TÞ, where {ðv x ;v y Þ ∈ EðGÞjv x ∈ S;v y ∈ T}. The capacity of a cut C denoted by capðS; TÞ is given by the total sum of the capacities of the edges of the cut-set C ST leaving S
28,29
E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 4 ; 3 2 6 ; 9 7 capðS; TÞ ¼ 
Scaling of Template
A given template T, either user drawn or the last calculated cut, will be scaled by a specific size s in order to be used as a template for a next cut. To scale the template about a fixed point, the template first has to be translated so that the fixed point is at the coordinate origin. Then, the scaling is computed and the inverse translation is applied to shift the template back to its original coordinates. The scaling process used is based on homogeneous coordinates, where vector translations can be represented as matrix multiplications instead of vector additions. 30 Consider a template T consisting of a set of markers M t ∈ R 3 \ m z ∈ R∶M t ¼ fv x;t ; v y;t g. For the fixed point used for scaling, the formerly calculated centroid of the template polygon CP ¼ fCP x ; CP y g will be used. The equation for scaling and rotation of a given vector p ¼ fx; yg ∈ R 2 with CP as the fixed point is given by Fig. 4 User workflow of the presented interactive segmentation algorithm. First, the user traces the object contour. Second, the user skips to a next slice and determines if a deviation to the drawn contour occurs. If not, the user skips to a next slice. If yes, a seed point is set and cut calculated. If the result is satisfying the user skips to a next. If not, the user can drag a contour point, drag the seed point, or reinitialize by redrawing the object contour.
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Thereby, T is the translation matrix given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 5 ; 6 3 ; 1 0 3
which translates p such that CP is at the origin {0, 0}. The matrix S is the scale matrix given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 5 ; 3 2 6 ; 1 0 8
First row: in the very first step, the user traces the object outline in slice 0, (a) to (c), this has to be done at the beginning of the segmentation process and the user needs to know the object contour/border. Second row: the user skips slices where no noteworthy deviation from the last contour occurs. In this example, the contours in (d) and (e) have no noteworthy deviations from the previous contour in (c). Third row: (f) is a deviation from the previous contour on the right side. Hence, the user sets a new seed point [(g), white], and a new segmentation is calculated (h). Fourth row: the segmentation can be further improved by interactive dragging of seed point by the user [(i), orange arrows], which leads to a new calculated segmentation result (j). Moreover, the user can improve the contour interactively by dragging the contour control points [(k), orange arrows]. Fifth row: finally, a major deviation of the segmentation result from the object outline (l) can be handled via reinitialization by drawing a new object outline (m), leading to a new segmentation result (n).
Journal of Medical Imaging 024004-6 Apr-Jun 2016 • Vol. 3 (2) where s ¼ fs x ; s y g is the specific scale factors in the x-and y-direction. In the course of this work, s x ¼ s y will be used at all times and denoted by the scale factor sf. The matrix R is the rotation matrix to rotate the template along the x-axis with angle α. It is given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . However, in the course of this study, the template will not be rotated and thus R ¼ E, where E is the identity matrix. To scale the template T with a specific scale factor s, all markers M t of T are scaled by fðpÞ eventually mapping the original template T to the scaled templateT E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 5 ; 3 2 6 ; 3 7 6 z∶T →T. Figure 7 shows this procedure for a given template. In this case, a cut (a) (yellow line) is used as a template T. The markers of T are scaled by a scaling factor s around the centroid of the polygon (b) (white dot) defined by T. The scaled templateT is illustrated by the green line (b), which is used as a template for the graph in a next slice (c) (green dots).
Node Distribution
From a given seed point SP ¼ fsp x ; sp y ; sp z g, a number of rays r i ∶1 ≤ i ≤ k are spread in uniform angles. For each ray r i , the intersection point (IP) with T is calculated. The length of each ray r i is defined by the distance between SP and the IP of T, Fig. 6 Various graph template shapes, template (green and blue), seed point (white), and segmentation result (yellow): (a) raw image, (b) square template, (c) triangle template, (d) heart-shaped template, and (e) dynamic template: user drawn or previous cut, in this case: user-drawn template (red). 
Along all rays r i , a number of nodes V i;n ∶0 ≤ n ≤ u are distributed in equal distances from the seed point to the template border (see Fig. 8 ). The node V i;0 indicates the node closest to the seed point and V i;u indicates the last node of ray r i . Furthermore, each node V i;n coincides with a voxel of the image I. Moreover, the graph network requires the implementation of two distinct virtual nodes that are not represented by a voxel of image I, the source s, and the sink t. 31 
Sampling of Gray Values
Each node V i ∈ VðGÞ is a set of four, comprising V i ¼ fv x;i;r ; v y;i;r ; v z;i;r ; gv i;r g with the node's 3-D position and voxel's gray value. To gather information about the object's gray value outlook, the mean gray value in an area a around the seed point SP determined by factor ϕ is calculated according to E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 7 ; 6 3 ; 3 9 8
E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 7 ; 6 3 ; 3 7 1
In the same way, a meanGV C of gv i ðM C Þ ∈ C is calculated among all markers M C of the minimal cut C of a previous slice, to gather information of the gray values among the object contour.
Interactive Seed Point Dragging
The segmentation result strongly depends on the seed point position, as it determines the position of the graph's nodes and thereby the gray values samples to calculate the graph's weights and the cut result in the last step. In case an object contour represented by a sharp dark to bright area is not sampled due to a too little sampling rate, the cut will perform differently and the quality of the segmentation result will decrease. The star-like distribution of nodes inherits this problem such that areas farther away from the seed point are sampled with a smaller sampling rate per area than areas closer to the seed point. However, by interactively dragging the seed point, different voxels of the image are sampled with the graph's nodes and the user intuitively and unawarely increases the sampling rate per area defined by the number of nodes of graph G and the area of template T:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 8 ; 6 3 ; 9 8 f s ¼ jVðGÞj areaðTÞ :
Graph Weights
So far, the nodes V of the graph GðV; EÞ have been implemented. The next step to set up the complete graph network is to implement the graph's edges E. In the following, three different types of edges can be distinguished:
• Z-weighted edges are interedges connecting the seed point SP with the first node v i;0 of each ray r i . They also connect all neighboring nodes (V i;n ; V i;nþ1 ) of the same ray r i . They are denoted by the subset E z ⊂ E;
• XY-weighted edges are intraedges connecting nodes (v i;n ; v iþ1;m ) of directly neighboring rays r i ; r iþ1 . They are denoted by the subset E xy ⊂ E; and
• T-weighted edges connect each node v i;n ∈ VðGÞ with the source s and the sink t. They are denoted by the subset E T ⊂ E.
Z-Weights
According to Ref. 32, the capacity cðv i;n ; v i;nþ1 Þ for all edges ðv i;n ; v i;nþ1 Þ ∈ E Z is set to a maximum value indicated by ∞ E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 1 0 ; 3 2 6 ; 5 0 1 ∀ eðv i;n ; v i;nþ1 Þ ∈ E z ∶cðv i;n ; v i;nþ1 Þ ¼ ∞.
Under the assumption that the calculated minimal cut separates the graph GðV; EÞ by C ¼ ðS; TÞ, such that {s ∈ S ∧ t ∈ T} each ray r has to be cut at least one time. Setting all Z-weights to a value of ∞ furthermore guarantees that each ray r is cut only one time, which cost 1 × ∞ per ray. Cutting the same ray twice or more costs > n × ∞, which will not result in the minimal possible cut-set, thus each ray is cut exactly one time. Because of this paradigm, it is hardly possible to alter the z-weight cost function and assign values different to ∞. In case it is lowered to an effective value, similar to t-weight values, the possibility of cutting the same ray twice increases, which will not result in an optimal segmentation result.
T-Weights
The allocation methodology of T-weight capacities to all edges E T ∈ EðGÞ is crucial to the calculated segmentation result. Under the assumption that the user-defined seed point is centered in the object, the first node v of each ray r is bound to the source s by a capacity of ∞. Similarly, the last node v of each ray r is assumed to be part of the background and will be bound to the sink by a capacity of ∞. The capacity value assigned to each T-weight is determined by the intensity contrast of the gray value gvðv i;n Þ of the currently regarded node v i;n to the previous node v i;n−1 on the same ray. The deviation from a given mean gray value (see Sec. 2.7) determines if the node is connected to the sink or source and what capacity value will be assigned. With the knowledge of the scaling factor sf from the previous cut to the current template and the number u of nodes v per ray r, the current node v of each ray r representing the shape of the previous cut can be determined. The variable Phi represents the inverse scaling factor sf, whereas nPhi represents the node index in the graph of the current slice that is closest to the node, which was part of the cut-set C in the graph of the template of a previous slice. This allows an automatic implementation of the three-zone strategy for the allocation of capacity values among all T-weighted edges. With the assumption that the object shape change from one slice to another is limited, it can be expected that the current cut will occur in a similar radius indicated by the node index n. With the assumption that all nodes in zone I will be part of the source set S, those nodes are connected with ∞ to the source s and 0 to the sink t. All nodes in zone III are assumed to be part of the sink set T and thus connected with ∞ to the sink t and 0 to the source s. In zone II, the cut is expected and weights are allocated according to the previously discussed methodology. The three-zone strategy leads to more robust and stable and less variability in the resulting cuts. This is particularly important in the course of dragging the seed point. In slices where the object is very bright in a small area around the seed point, the calculated cut might exhibit an effect similar to collapsing and prefer a small areal cut. By imposing the cut to occur in zone II, this effect is suppressed, which furthermore enhances segmentation quality, robustness, and user handling (Fig. 9 ).
XY-Weights
The XY-weights E XY ∈ EðGÞ can be considered as stiffness parameters and refers to Ref. 32 . The implementation, depending on the parameter Δ, realizes different smoothness values for the resulting minimal cut and greater variability among possible cuts with the same cost amount. Their implementation follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 1 2 ; 6 3 ; 4 6 9 ∀ e ∈ E xy ∶cðv i−1;n ; v i;n−Δ Þ ¼ ∞;
for the implementation of XY-weights to the previous ray and E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 1 2 ; 6 3 ; 4 2 7 ∀ e ∈ E xy ∶cðv iþ1;n ; v i;n−Δ Þ ¼ ∞;
to the next ray. Whereby applies that if n − Δ < 0 take v i;0 . For Δ ¼ 0, the cut is exactly alike to the template shape. However, the use of the Δ parameter was limited in the course of this study, because the higher Δ the more rugged are cut contours.
With the template for a next slice dynamically adopted from the previous cut, the template can become increasingly rugged in the progress of the segmentation, too. However, rugged templates showed to be disadvantageous for the segmentation result, such that the use of parameter Δ was limited to values Δ ≤ 2.
Predefined Weights Summary
In this study, the energy function of the graph cuts follows the Gibbs model 33 and the cost function relates to the paper of Li et al. 32 However, in Ref. 32 , one needs a fixed average gray value of the region to calculate the single weights and the approach was designed to segment longish structures, requiring a centerline as input. By contrast, our approach needs only a single seed point that can be used to derive the average gray value on the fly during the segmentation, thus making the approach gray value independent and enabling the handling of cases with different average rectosigmoid colon values. In summary, this means that the T-weights do not need to be predefined and can be calculated on the fly during the interactive segmentation process. Finally, the Z-weights and the XY-weights get all capacity of ∞ or rather the variable gets maximum value of the implementing.
Object Processing
The calculated cut of a specific slice is stored as segmentation result together with all previous cuts of this object. After the complete object is segmented, slices that have been skipped by the user have to be interpolated to generate an object contour in each image slice. Thereafter, the set of object contours is used for voxelization of the object and to generate a 3-D object. The set of object contours is stored as a CSO file, whereas the voxelized 3-D object is stored as a Nrrd file for further use in treatment planning.
Results
For evaluation of the introduced approach, datasets have been used in which the depiction of the rectum/sigmoid colon strongly varies (Fig. 10) . From each dataset to another, its shape, size, slice thickness, and gray value distribution alter in no predictable manner. The data used for this experiment are a set of seven MRI datasets acquired during gynecological interstitial brachytherapy cases performed at the AMIGO suite of the BWH with a Siemens 3 Tesla Verio MR scanner. The complete data are freely available for download 34 and described in detail in Ref. 35 . The respective MR sequence of each dataset can be seen in Table 1 . For comparison of the algorithmic computed segmentation result, a medical doctor experienced in radiological segmentations of gynecological brachytherapy manually outlined the rectum/sigmoid and bladder. For the rectum/sigmoid, the manual segmentation was performed two times with a time difference of several months. For the bladder, only one set of manual segmentations was done, because of its relatively clear appearance in the images due to the contrast agent.
Computation was performed on a personal computer with Windows 7 Home Premium 64 Bit operating system and installed Service Pack 1. The processor was an Intel ® Core™ i3 CPU M330 with 2.13-GHz dual core. Internal memory comprises 4.00 GB, with 3.68 GB available. The utilized prototyping platform was MeVisLab ® version 2. As evaluation metrics of the presented segmentation algorithm, the DSC and the HD, were used. Moreover, the median and standard deviation of the DSC and HD were calculated. The DSC is a common measurement procedure in (medical) image segmentation. [37] [38] [39] It measures the spatial overlap between two segmentation results A and B, which are typically a manual segmentation (A) and a (semi-) automatic segmentation (B). In contrast to the DSC, the HD measures the distance between two subsets of the metric space. It defines the maximum distance among all minimal distances between two sets. [40] [41] [42] [43] The interactive segmentation was performed with a constant t-weight parameter WT F ¼ 0.2. The scaling factor sf and the number of rays r and points per ray n were sf ϵ [1.6], r ϵ {40} for the rectum and r ϵ {50} for the bladder, and n ϵ {40} for the rectum and n ϵ {50} for the bladder. In order to estimate the complexity of the segmentation task, the respective number of slices where the segmentation was performed as well as the object's volume (cm 3 ) and number of voxels was investigated. Furthermore, the time in seconds for the segmentation of each dataset was acquired by screen capture recordings.
Manual segmentations of the rectum/sigmoid and bladder were performed in August 2012, denoted M1. A second segmentation dataset of the rectum/sigmoid was performed in April 2013 by the same physician, denoted M2. In the organ segmentation process, segmentation was performed in each slice, such that a seed point and contour were calculated in each slice and the sum of segmented slices is in accordance to the manual segmentations. Therefore, no slices were skipped and no interpolation of slices has been performed. In order to evaluate the basic performance of the presented segmentation algorithm, no methods of improvement such as contour point dragging or reinitialization have been applied. Merely dragging of the seed point was utilized to find an optimal segmentation contour. Regarding the rectum/sigmoid colon, datasets 1, 2, 3, 4, 5, 6, and 7 of the second manual segmentations were used as reference. For the evaluation of the bladder, since only one version of manual segmentations was done, this manual segmentation was used as reference for all datasets 1 to 7. The interactive algorithm could be performed smoothly without any delay or interruptions on the utilized personal computer.
The results in Table 2 show the volumetric and time data for the manual expert segmentations of the rectum/sigmoid colon. According to the performing physician, in average, the segmentation per dataset took 300 s (5 min). In comparison to the manual expert segmentation, the presented algorithm segmented a smaller volume in all cases except case 7, where a slightly larger volume was segmented. Furthermore, the algorithm achieved a median segmentation time per dataset of 128 s compared to the manual segmentation, which represents ∼60% time saving (see Table 3 ). The semiautomatic segmentation results for the datasets 1, 2, 3, 4, 5, 6, and 7 have been compared to the expert manual segmentation results M2. The algorithm achieved an average DSC of 83.85 AE 4.08% when compared to M2 (see Table 4 ). The two manual expert segmentation versions M1 and M2 have been compared in an intra-analysis and a DSC has been calculated in order to precisely assess the DSC value of the interactive result. The intra-analysis between manual segmentation datasets M1 and M2 yielded a DSC of 83.97 AE 8.08%. This value reflects the difficulty inherent in the segmentation of the rectum/sigmoid colon shows that it is a very challenging structure for algorithmic and manual segmentation. Figure 11 shows exemplary segmentation results taken from datasets 1 and 3. The red area represents the segmentation result of the interactive segmentation, whereas the green area represents the manual expert result. The image (5) depicts the voxelized segmentation result of the manual segmentation; image (6) depicts the interactive segmentation result. Challenges for the algorithm occurred where the rectum/sigmoid colon shape changed from rotation symmetric to strongly concave as shown in Fig. 12 . Thereby, the algorithm is challenged to adopt the graph template to strong shape change within one slice difference. Furthermore, the seed point rooted star-like node distribution corrupts an optimal sampling rate in terms of area within concave object shapes. Note: M1 indicates the first manual dataset, M2 indicates the second manual dataset, and n.a. indicates nonavailability of the respective dataset. In accordance to the rectum/sigmoid colon, the bladder as an OAR was also subject to the evaluation of the introduced methodology. For the bladder, however, only one set of manual expert segmentation datasets was done, such that an intra-analysis between two manual segmentations was not performed. In Table 5 , the data of the manual expert segmentation are confronted with the results of the interactive segmentation. In average, it took about 300 s (5 min) for the physician to segment each dataset. Compared to the rectum, the bladder is larger in volume; however, it is filled with contrast medium such that segmentation is supported. With the utilization of the interactive methodology, the time per dataset reduced to a median of 62 s in average, which represents a time-saving relation of ∼1∕5 (see Table 5 ). Note: IC indicates the interactive result, M2 the respective manual expert dataset, and n.a. indicates nonavailability of the respective dataset. Fig. 11 Segmentation results of the rectum/sigmoid colon. For (b) and (d), the red area indicates the interactive result, the green area the expert manual segmentation result, (e) voxelized manual segmentation, and (f) voxelized interactive segmentation. The spatial comparison between the manual and the interactive segmentation revealed an average DSC of 81.47 AE 4.48, which correlates with the achieved value of 83.85 AE 4.08 for the rectum/sigmoid colon (see Tables 3 and 5 ). The average HD for the evaluation of the bladder yielded a value of 13.25 AE 2.10, which again, is in accordance to the results achieved for the rectum/sigmoid colon with an HD of 11.05 AE 6.81 for the manual/interactive comparison and 11.76 AE 7.54 for the intramanual comparison. Figure 13 shows two exemplary results for the segmentation of the bladder. Due to the user-drawn contour in a previous slice and its dynamic adaption, the interactive methodology achieves to segment the bladder in its complete outline, including both the high-value contrast medium-filled area and its air-filled dark value area. With the three-zone strategy, the high-contrast edge between the contrast-filled area and air-filled area is spared from evaluation, as lying in zone I. Instead, the cut is performed in zone II, finding both the transition from the high-value contrast medium-filled area to the background and the transition from the low-value contrast air-filled area to the background. In accordance with the results of the rectum/sigmoid colon, the algorithm was particularly challenged where the object shape was strongly convex or concave (see Fig. 14) . Results of a comparison between manual and algorithmic segmentation can be found in Table 6 .
Finally, we want to present some segmentation results from common methods applied to the datasets we used for this study and, therefore, show how challenging the rectum/sigmoid colon is. For visual inspection and direct comparison, the same image/ slice from Figs. 11(a) and 11(b) for the proposed method is used Fig. 13 Comparison of segmentation result performed manually (green) and with the interactive methodology (red). For (b), the dark, air-filled area as well as the bright, contrast medium-filled area is included in the segmentation. Fig. 14 Due to the star-like node distribution, segmentation challenges for the interactive algorithm occur where the object shape is strongly convex or concave. for the following algorithms (Figs. 15-18 ). Figure 15 shows results for a simple region growing algorithm that is based on a statistical region growing scheme, which accepts one or several user-defined seed points as input. 44 Figure 16 shows the segmentation results for the grow-cut algorithm, which is a semiautomatic interactive region growing algorithm 45 that uses cellular automata and user-defined initialization scribbles as input classes. An implementation of an active appearance model data tree approach can be found in the 3-D slicer under EM segmenter 46 and it was also applied to the segmentation of the rectum/sigmoid colon in the given gynecological brachytherapy MR images (Fig. 17) . We also applied a segmentation methodology based on active contours 47, 48 from Gao et al. 49 to segment the data. An implementation of the algorithm is included in 3-D slicer as robust statistics segmenter (RSS). 50 The RSS was tested to segment the rectum/sigmoid colon in the available gynecological MR image data, which is shown in Fig. 18 . However, even though we know these segmentation methods also from other segmentation tasks, we did not do a systematic analysis to find the optimal parameters for the gynecological cases.
Discussion
The objective of this contribution was the development of an interactive graph-based segmentation methodology for the rectum/sigmoid colon as an OAR in the context of interstitial gynecological brachytherapy. The clinical gold standard for segmentation tasks is given by time-and resource-consuming sliceby-slice manual outlining of the ROI. Although various fully automatic segmentation tools have been developed up to date, none of these has really found its way into clinical practice. One drawback of automatic approaches is their complexity, limited flexibility, and little provided user influence on the computed segmentation result where the algorithm is challenged.
Thus, manual refinement of the computed segmentation is desirable and the motivation for the development of interactive segmentation approaches that allow direct and intuitive control over the segmentation result.
The presented interactive methodology is based on graph networks and transforms the image segmentation problem into a simple, undirected graph. A minimal cut separates the object of interest from the background area. The graph network distribution across the image is determined by a dynamically adapting template, whose shape is gained from user input in the beginning and obtained from the segmentation contour of a previous slice in succeeding slices. Interactive dragging of the graph network seed point in the object center allows calculating various segmentations in the same slice and thus helps to find the optimal result. Slices where no strong object contour change occurs can be skipped and are interpolated later.
Evaluation of the algorithm was performed by comparing the computer-assisted segmentation results with manual expert segmentations of the rectum/sigmoid colon and the bladder. The rectum/sigmoid colon yielded a DSC value of 83.85 AE 4.08, the bladder 81.47 AE 4.48. An intra-analysis between two sets of manual expert segmentation results yielded a DSC value of 83.97 AE 8.08. Utilizing the presented methodology, the average time for the segmentation of one dataset dropped from ∼300 s for one manually evaluated dataset to 128 s for the rectum/sigmoid colon and 62 for the bladder utilizing the presented methodology. In summary, the achieved research highlights of the presented work are as follows: • An interactive graph-based segmentation scheme has been designed for the rectum/sigmoid and the bladder.
• The segmentation algorithm is a scale invariant and adapts a user-defined template to find an optimal segmentation result.
• Manual slice-by-slice segmentations of medical datasets have been performed by clinical experts to obtain ground truth of pathology boundaries.
• DSCs and HDs have been calculated to evaluate the quality of the segmentations.
In particular, we observed three main advantages over current fully automatic segmentation approaches during our evaluation:
• Direct control over the segmentation result: Compared to fully automatic systems or systems based on user-input scribbles with no further possible user influence on the segmentation result, the presented systems offer dexterous direct control over the segmentation result in each slice. Three different methodologies have been implemented to enhance the segmentation result.
• Few, intuitive user-input parameters: In contrast to other systems, the presented methodology merely requires the user-drawn contour as user input and intuitive interactions for segmentation improvement. No complex parameters such as the estimated object volume that demand initial training or experience are required.
• Robust and stable segmentation result: The mathematical principle of graph theory and minimal capacity cuts leads to a guaranteed global maximum. Furthermore, due to the dynamic template-based graph construction, not only is leaking prevented, but also the segmentation result is robust to object shape changes and contrast variations.
Limitations and Future Work
Due to the star-like graph node distribution 51 with the seed point at its origin, the algorithm was challenged where the object shape was particularly concave or convex. For future approaches, multiple equally distributed seed points could be utilized to guarantee an ideal areal sampling of the object and thus enhance the segmentation result quality. Currently, we chose the number of rays and the number of points per ray, so that an interactive real-time segmentation is still possible. A higher number of sampled nodes within the image would probably increase the preciseness of the segmentation. However, with the current implementation, we are limited to the current settings of a few hundred nodes to enable a smooth interactive segmentation. Currently, the limiting factor is the calculation of the graph cut. A possibility would be to perform the graph cut on the graphics processing unit, 52 which would also enable a higher number of nodes. Another idea is to enhance the approach to 3-D by outlining the structure in an axial, sagittal, and coronal slicer similar to the initialization process of Refs. 53 and 54, and afterward, creating a 3-D graph with this information. Furthermore, the approach can be used to segment other longitudinal/tubular structures, such as the aorta to support the time-consuming analysis of aortic aneurysms. 55 Another strategy could be to calculate in a first step the centerline of the longitudinal/tubular structure, 56 then using slices perpendicular to this centerline 57 for the interactive segmentation process.
Finally, more quantitative comparisons between state-of-the-art method and the proposed method need to be performed.
